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Recently we proposed an iterative blind deconvolution algorithm which uses minimization of a
cost function and the image constraints. Although this method has the stable convergence
property, it suffers from the stagnation problem. That is, this method can be trapped at the images
for which the cost function takes the locally minimum values and can never get away from those
images by any number of additional iterations. In this paper, in order to deal with the stagnation
problem, we efficaciously incorporate, into this algorithm, the Ayers-Dainty’s algorithm,
and show, through the computer simulations, that the possibility that the original images are
recovered accurately is increased by the resultant algorithm.
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Fig.1 Block diagram of the MP algorithm presented in
Ref. 6.
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Fig. 2 Block diagram of the MP/AD algorithm. K itera-
tions of the AD algorithm is executed just after the stagnat-
ing state of the MP algorithm has occurred, where K
represents the prescribed number, for example 100.
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Fig. 3 Images used in our simulations. (a) Original image
f(x,y), (b) the blurring function %(x, ), (c) the measured
image g (x, v), which was produced by convolving f (x, v)
with Z(x, v).
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Fig. 4 Normalized Fourier error s vs. the iteration num-
ber m obtained in the case in which the MP algorithm was
executed.
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Fig.5 Images recovered by the MP algorithm. (a) Origi-
nal image, (b) the blurring function.
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Fig. 6 Normalized Fourier error e vs. the iteration num-
ber m obtained in the case in which the MP/AD algorithm
followed by 3X10* iterations of the MP algorithm was
executed. The threshold value ¢, was set to be 107, and 100
iterations of the AD algorithm were executed just after the
condition, ¢, <d; had been satisfied.
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Fig. 7 Images recovered by the MP/AD algorithm. (a)
Original image, (b) the blurring function.
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Fig.8 Comparison between the performances of the MP
and the MP/AD algorithms. 100 runs of each of the MP and
the MP/AD algorithms were executed, each run with
different initial guess formed by the uniformly distributed
random numbers. The open circles (O) represent the con-
vergence values of &g, obtained by the MP algorithm,
whereas the filled circles (®) by the MP/AD algorithm.
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Fig. 10 Comparison between the performances of the MP
and the MP/AD algorithms for the case in which the
measured image is contaminated by additive noise. The
noise ratio NNV, is set to be 107%. 100 runs of each of the MP
and the MP/AD algorithms were executed, each run with
different initial guess formed by the uniformly distributed
random numbers. The open circles (O) represent the con-
vergence values of ermn obtained by the MP algorithm,
whereas the filled circles (®) by the MP/AD algorithm. In
this figure, the value of ern for the ideal estimate is also
indicated by an arrow.
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